Background: Prior risk prediction models have included a selective group of broad comorbidities in scoring prognosis of heart failure (HF) patients. Objective: We examined whether scoring a comprehensive set of comorbidities separately, could improve the performance and accuracy of predicting HF prognosis. 
Introduction

I
n the last four decades, several teams of investigators have developed prognostic indices for heart failure (HF) patients (Table 1) . [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] These indices vary considerably in how they score patients' comorbidities. Some indices have not used comorbidities at all and focused on heart-specific pathophysiology-e.g., ejection fraction (EF), the New York Heart Association Functional Classification of HF, heart rate, etc. These indices report a lower predictive accuracy, as measured by the area under the receiver-operating curve (AROC). For example, the 2006 revised Seattle HF model did not rely on comorbidities and had lower AROC than the original version that did include selective comorbidities. 11 Furthermore, other investigators have attempted to include comorbidities in their models but have relied on broad categories of selective diseases. This approach was first developed by Charlson and colleagues, 12 and some indices have included the exact Charlson Index (Lee et al.) 5 The Charlson Index classifies patients' diagnoses into 17 disease categories (e.g., moderate to severe liver diseases, any malignancy except skin cancer) and scores each category from one to six points. Unfortunately, it performs poorly in predicting HF patients; it has an AROC of 0.66 in predicting one year mortality. 13 Quan and colleagues updated the scoring of the Charlson Index to reflect improvements in management of diseases.
14 Elixhauser developed a broader set of diagnostic categories and von Walraven and colleagues transformed this set into a prognostic indicator. 15 The relative accuracy of these improved indices in predicting HF prognosis is not known.
The most comprehensive approach for including comorbidities in HF indices can be found in the Care Assessment of Need (CAN) Index. This index includes 23 broad categories of diseases, the pairwise interaction among these broad categories, and the Deyo variant of the Charlson Index. 16 It is the only index in the HF prognostication literature that examines interactions among pairs of comorbidities.
To understand how HF prognostic indices score comorbidities, it is illustrative to examine the scoring of the Metastatic Cancer category, used in several indices. There are 141 cancers that fit this category. All are scored in the same fashion. Obviously, all metastatic cancers are not equally fatal; and scoring them as if they are could, at least theoretically, reduce accuracy of predictions. In addition to the problem with use of nonhomogeneous broad categories, there are also concerns that selective inclusion of diseases could lead to missing important diseases. For example, metastatic cancers may be included but fatal nonmetastatic cancers, such as brain cancer, may be left out. We hypothesize that an approach that relies on neither broad diagnostic categories nor selective inclusion of diseases would provide more accurate predictions of HF patient's prognosis.
To test the above hypothesis, we developed the multimorbidity (MM) index which scores all diagnoses separately. The MM index is comprehensive and does not rely on broad disease categories. This paper compares the predictive accuracy of the MM index to the comorbidity component of CAN, the Charlson Index, and the von Walraven version of the Elixhauser Index. These indices are compared in predicting all-cause mortality within six months after discharge from the hospital.
Methods
This is a cross-validated, twofold, longitudinal, retrospective study. Data were collected on 602,050 unique HF cases, who received care through the Veterans Administration (VA) between October 1, 2006 and September 31, 2011. The definition of HF was based on the ICD-9 codes developed by the Healthcare Cost & Utilization Project of the Agency for Healthcare Research and Quality (AHRQ). Note that more than 50% of HF patients were hospitalized for noncardiac comorbidities, e.g., cancer. We divided the data into a training dataset and a validation dataset. The training dataset used 80% of data; the validation dataset used 20% of the data. The dependent variable was defined as all-cause mortality within six months after discharge from the hospital. Dates of death were verified from the Veterans Affairs Beneficiary Identification and Record Locator System File. The VA system contains data reported to the Social Security Administration and those dates have been shown to be 95% complete. 17, 18 All independent variables were calculated from data available prior to or during the index admission. The independent variables were:
MM index: There were 8687 unique diagnoses in the training set. We calculated the likelihood ratio associated with each unique diagnosis within the training set and used these likelihood ratios to score patients in the validation set. The overall prognosis was scored as:
where L Diagnosis indicates the likelihood ratio associated with the diagnostic code in the training set. It is calculated as the prevalence of the diagnosis among patients who die divided by the prevalence of the diagnosis among patients who lived. In a minority of cases, when a patient presented with a diagnosis not seen in at least 99 cases in the training set, the likelihood ratio associated with a broader diagnostic category was used to score the patient. A typical International Classification of Disease version 9 diagnosis (ICD9) is a five-digit number consisting of three initial numbers, a period, followed by two additional digits. The first three digits represent a category of disease. Each additional digit after the period represents further refinements. The study sequentially matched the patient's diagnoses to five-digit, four-digit, or three-digit ICD9 codes until a match was found. In the validation dataset, 98.35% of diagnoses were matched to the five-digit codes, 0.67% to the four-digit codes, and 0.98% to the three-digit codes. The likelihood ratios used in the MM index were provided online (see openonlinecourses.com/LR.xlsx) so that other investigators can test the index in different datasets.
Age: We used age to provide a benchmark for the performance of comorbidity indices. Patients' age on admission was calculated as the difference of year of birth and date of admission. Patients younger than 35 were grouped together; patients older than 100 were also grouped together. Ejection Fraction (EF) was used to provide benchmarks for the performance of the comorbidity indices. EF score was available on 263,995 unique patients, 83,479 of whom were patients in the current study. Accuracy of EF was examined in both the larger and the smaller data. (There was no difference in accuracy levels achieved based on the size of the sample; therefore we report the accuracy of EF using the larger sample). The accuracy of predictions was calculated using AROC, or c-statistic. 19 We used the pROC function in R to calculate 95% confidence interval (CI) for the AROC. This function calculated AROC using 2000 stratified bootstrap replicates. 20 This work was approved by the Washington DC VA Medical Center (protocol 01565).
Results
The patients examined were veterans with HF, 74% white, 98% male, 56% married, 20% divorced, and 15% widowed (see Table 2 ). The training and validation data were selected randomly. Because the sample size was large, small differences were statistically significant. If we require a minimum effect size at 1%, these data show that the training and validation samples were similar.
The homogeneity of broad disease categories can be examined by contrasting the odds ratio (OR) and the likelihood ratio of mortality for each diagnosis within these categories (Table 3) . Listed categories contained between 2 and 29 different diagnoses. Table 3 also lists the range of OR observed for diagnoses within the categories. In many instances, the OR of the diagnoses ranged from less than one to more than one, indicating that these categories contain diagnoses that both reduce and increases odds of mortality. For example, the anemia category had an OR of 1.62 (95% CI: 1.59-1.64). This category included 25 diagnoses, some of which reduced the odds of mortality by 1/0.58 = 1.72-fold and others which increased the odds of mortality by 4.84-fold. Clearly, including these diagnoses into the same category distorts the impact of the category on mortality.
It is illustrative to think through the OR associated with the ''secondary malignancies.'' The category itself had an OR of 9.85, with 95% CI: 9.56-10.15. This category included 28 diagnoses, including secondary malignant neoplasm of brain and spinal cord with OR of 17.28 and secondary neuroendocrine tumor of distant lymph nodes with OR of 2.43. There was a nearly nine fold difference in the OR associated with diagnoses in the category of secondary malignancies. Some diagnoses within this category were more fatal than other diagnoses. These data show that grouping many different diagnoses into a common category may reduce accuracy. A strategy of scoring each diagnosis separately, if possible, may be more accurate.
The MM index was developed to score each diagnosis separately. Figure 1 shows the distribution of the MM scores (converted from odds to probability) and its relationship to observed rates of mortality. These data show that the MM scores were distributed evenly across most of the range, except at start and at end of the scale. In addition, the figure shows that the MM score had a monotone relationship with the observed rate of mortality; increases in MM probability scores were associated with increases in observed rate of mortality. Figure 2 shows overall performance of the MM index using AROC. The AROC for the MM index was 0.784 (95% CI: 0.781-0.786). At the cutoff for doubling of the odds of FIG. 1. Multi-morbidity probability score and observed six-month mortality.
FIG. 2.
Accuracy of comorbidity components of heart failure indices. We repeated the analysis for predicting mortality at 12 months instead of 6 months. The corresponding AROCs were 0.771 for the MM index, 0.524 for EF, 0.654 for the Charlson Index, and 0.657 for the CAN Index. In predicting 12-month mortality, the AROC for MM remained significantly higher than other diagnosis-based indices.
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The AROC for chronological age was 0.649 (95% CI: 0.647-0.652), which was also significantly less than the accuracy level of MM. We examined if adding age and the MM index could further improve the accuracy of the MM index. The combined age and MM index had an AROC of 0.792 compared to MM alone at 0.784. Thus, age alone is not more accurate than the MM index, but age improved the accuracy of the MM index by a small amount. This suggests that most of the effect of age is already captured by the MM index, presumably because one has different diseases at different ages. The cross-validation indicated that the performance of the index was not due to overfitting in the training set.
Discussion
Our findings support that including a comprehensive list of comorbidities and avoidance of broad disease categories improves the performance and accuracy of prediction. Broad disease categories, of the type used in Charlson, Elixhauser, or CAN, were not homogeneous. These broad categories included diagnoses that differed significantly in their association with mortality. These data suggest that relying on these broad categories could reduce the overall accuracy of predictions. In order to test this hypothesis, we constructed the MM index. The MM index separately scored each diagnosis and therefore did not rely on broad disease categories. The MM index expanded the number of diagnoses scored from 17 broad categories in the Charlson Index to 8704 separate diagnoses. The MM index outperformed Charlson, the Quan variant of the Charlson Index, the von Walraven variant of the Elixhauser Index, and the comorbidity component of the CAN Index. To the best of our knowledge, the current study is the first to highlight the impact of including additional comorbidities on improving the performance and accuracy of HF prognostic indices.
In most patients, and particularly in elderly patients, HF is associated with a spectrum of comorbidities that play an important role in trajectory of illness and response to treatment. Given the tremendous heterogeneity of that age group, developing an index that incorporates comorbid conditions is more accurate than age alone. Most of the previous indices examined only a limited number of comorbidities in each study, and the specific comorbidities evaluated varied across studies. Understanding the role of comorbid conditions may result in improved shared decision making as well as improved health outcomes.
A comprehensive approach to comorbidity that scores diagnoses separately may improve statistical predictions but has limited clinical use unless it is automated as a clinical decision support tool that is embedded in the electronic health record. It can function in the background to regularly generate predictions using existing patients' records. Clinicians and patients can then use the automated scores available through the electronic health record to guide disease modifying treatment and shared decision making for patients with serious and advanced chronic illness and multiple comorbid conditions. This study has several limitations inherent to retrospective observational studies. VA population is predominantly men with many comorbidities. Study findings may not be readily generalizable either to women or to other nonveteran populations.
This study has not demonstrated how the MM index and heart-specific variables could be combined. It is possible that when the MM index and HF-specific variables are used together, then the accuracy level improves further. However, our findings support that clinicians should pay careful attention to comorbid conditions affecting heart failure patients in order to improve outcomes of care and quality of life.
